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With immense influx of historical data, quantitative inferences on history based on machine learning is
becoming more prevalent, attracting many researchers. In particular, understanding the dynamics of his-
torical factions is important as they shared academic beliefs, political views and interests, in which the
interactions between the factions portray general political, social, and economic structure of a certain
era. In recent years, studying such dynamics through network-based methods on human networks, con-
structed from genealogy data, have shown promising results. In this paper, we enhance the identification
of historical factions by exploiting multi-layered network of historical figures. To understand the mech-
anisms of historical factions, it is pivotal to comprehend the change in relation between important his-
torical events. The proposed method consists of constructing a multi-layered network of historical
figures and applying semi-supervised learning framework to identify historical factions. The proposed
method was applied to the classification of factions in the political turmoil occurred during the 15th
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to 16th century Korea.
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1. Introduction

Many years of huge efforts from historians to create database
for historical figures and events have led to easier access to a
tremendous pile of records of the old days (Manabe, 1999, 2010;
Lee, 2010, 2016; Lee, Lee, Kim, & Shin, 2018). The databases for his-
torical data now provide convenient access to genealogy records,
texts from literature, images of artifacts and so on. Following from
the rapid growth in influx of historical data, many studies attempt
to stretch from human-labored restricted inference to machine-
aided comprehensive approaches. Machine learning plays a key
role in the latter approach, providing historians with data-driven
inference. To give few examples, Malmi, Gionis, and Solin (2018)
develops automated methods, using Naive Bayes approaches, for
inferring large-scale genealogical networks. In the domain of art
history, deep convolution neural networks are often employed to
classify style of fine-art collections (Bar, Levy, & Wolf, 2014;
Cetinic, Lipic, & Grgic, 2018; Saleh & Elgammal, 2015). For textual
data, Lansdall-Welfare et al. (2017) employs text mining
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techniques on 150 years of British newspapers from 1800-1950
to extract macroscopic trends in history and culture. In Rochat
(2015), network analysis on character network from historical
writing is employed. Furthermore, many visualization efforts
(Liu, Dai, Wang, Zhou, & Qu, 2017; Lee, Campbell, & Chen, 2010)
for historical data are carried out to aid in understanding the struc-
ture and contents of history.

From the vast domain of using machine learning for historical
big data, studies on past faction politics may convey important
inferences on political, social, and economic structure of a certain
era. Throughout history, people who shared academic beliefs,
political views and interests joined to form factions to pursue a
particular aim or purpose (Belloni & Beller, 1976). Analysis on
the prevalence of factions and their rivalries is crucial for under-
standing political decision patterns and power mechanisms of
times long past. Furthermore, the political competition of factions
may be viewed as competition for goods and services (Persico,
Pueblita, & Silverman, 2011), which may yield important infer-
ences in economic perspectives.

In our earlier work of Lee et al. (2018), we developed a system-
atic framework for classifying historical figures into rival power
groups by utilizing graph-based semi-supervised learning (SSL)
(KKim & Shinim & Shin, 2013; Zhu, 2006; Zhou, Bousquet, Lal,
Weston, & Scholkopf, 2004). The classification was based on a


http://crossmark.crossref.org/dialog/?doi=10.1016/j.eswa.2020.113703&domain=pdf
https://doi.org/10.1016/j.eswa.2020.113703
mailto:junkim@ajou.ac.kr
mailto:ldg1226@ajou.ac.kr
mailto:okllsskh@ajou.ac.kr
mailto:ekh1117@cnu.ac.kr
mailto:shin@ajou.ac.kr
https://doi.org/10.1016/j.eswa.2020.113703
http://www.sciencedirect.com/science/journal/09574174
http://www.elsevier.com/locate/eswa

2 M. Kim et al./Expert Systems with Applications 161 (2020) 113703

network constructed from genealogy data with power groups
defined from historical records on political decisions. In general,
SSL attempts to incorporate both labeled and unlabeled data aimed
at improving performance in situations of limited amount of
labeled data compared to that of the unlabeled. For instance, in
speech recognition, spam filtering, video categorization, webpage
classification, and protein function prediction, obtaining data
points is cheap but labeling requires abundant time and labor
(Chapelle, Schélkopf, & Zien, 2006). Over the years, many SSL algo-
rithms have been proposed and few of the examples include afore-
mentioned graph-based learning, Transductive Support Vector
Machines (TSVMs) (Bennett & Demiriz, 1999; Joachims, 1999;
Vapnik, 2013), Laplacian SVM (Belkin, Niyogi, & Sindhwani,
2006), generative models (Kingma, Mohamed, Rezende, &
Welling, 2014), etc. For dealing with historical data, SSL is appro-
priate with large portion of data remaining in the yet unknown
region. In Lee et al., 2018, graph-based approach was suitable with
limited number of features for historical figures that can be
extracted from genealogy data.

In this paper, we extend classification on a single network to
multi-layered networks of historical figures by exploiting historical
events in chronological order. To grasp the dynamics of past fac-
tions it is not only crucial to scrutinize the relation of people at
the time of a certain event but also to understand the change of
the relation between two successive events in history. In a word,
multiple networks of historical figures are arranged in chronologi-
cal order of events, and are layered one after the other. To the
multi-layered structure of network, it is limited to apply existing
machine learning algorithms which are designated for a single net-
work. The layered structure of networks accompanies computa-
tional difficulties incurred by the huge size of matrix
representing contemporary or chronological relations of people.
In Kim, Lee, and Shin (2019), the authors exploited how to treat
the difficulties using traits of sparseness of the matrix with
graph-based SSL as a base algorithm. Using the results in Kim
et al. (2019), we enhance the identification of historical factions
on human networks. SSL is well fit to our problem since political
propensity or faction is only known for very few people, although
we know a considerable number of people are involved in a certain
historical event (Lee et al., 2018). Also, the algorithm enable us to
observe how the political propensity of a historical figure had been
influenced from his ancestors and conveyed to his off-springs or
his followers later. The proposed method was applied to political
purges during the 15th to 16th century Korea, in which faction pol-
itics played a critical role in shaping political system of Joseon
Dynasty.

The rest of the paper is organized as follows. In Section 2, we
briefly explain some background of this study. In Section 3 we out-
line the proposed methods constructing multi-layered network of
historical figures and applying it to identify the historical factions.
In Section 4, experiments and results are presented along with
enrichment study. We conclude in Section 5.

2. Background
2.1. Political Purges of 1457, 1498, 1519, and 1545 in Joseon Dynasty

During 15th to 16th century, faction politics played a pivotal role
in shaping political system that pervaded for the next four centuries
in Joseon Dynasty. The prevalence of factions and their political
competition allowed longevity of political rivalries. To understand
the past political decision patterns or powers mechanisms of Joseon
Dynasty up to 1910, it is crucial to analyze the factional strife that
existed throughout medieval Joseon (Skillend, 1976). The political
struggle led to political purges with persecutions such as sentence

to death, exile, or dismissal from official position. The punishments
were not limited to those directly involved in the incident, and
included people of family relations, and academic or social ties.
The descriptions political purges occurred in 1457, 1498, 1519,
and 1545 are described as follows:

Sayukshin Incident (1457). After king Sejo forcefully took over
the reign in 1453 through a coup, a group of officials conspired
to restore back the previous throne of king Danjong. The plot
was disclosed to king Sejo, which led to the political purge of 1457.

MuoSahwa (1498): MuoSahwa is conceived as a result of politi-
cal strife between meritorious elites and neo-Confucians. During
the reign of king Sungjong, the neo-Confucians began to increase
their political power against meritorious elites. However, in the
process of compiling records related to king Sungjong for the
Annals of Joseon Dynasty, Kim Il-son, a neo-Confucian scholar,
included critics of king Sejo’s usurpation, which was disclosed to
Yeonsangun by Lee Guk-don, a meritorious elite scholar. As Yeon-
sangun was the heir of king Sejo, many neo-Confucians were per-
secuted, resulting in the political purge of 1498.

GimyoSahwa (1519): Despite the suppressions, neo-Confucians
took important positions in the national bureau in the early reign
of king Joongjong. As a key person for reformation, a neo-
Confucian, Jo Gwang-jo acted to remove conspicuous merits
earned mostly by meritorious elites. To turn the table, meritorious
elites appealed to king Joongjong questioning the authority of Jo
Gwang-jo, which led to the political purge of 1519.

EulsaSahwa (1545): EulsaSahwa was largely a result of power
struggle between relatives of competing princes. During the reign
of king Joonjong, he had two major queens, queen Janggyung and
Munjeong. After the reign of king Joongjong, the son of queen Jang-
gyung, king Injong, became the king. As a result, Yoon Im, an elder
brother of queen Janggyung, held political power. Shortly after,
however, king Injong died which led to the reign of king Myung-
jong, the son of queen Munjeong. This led to the rise of Yoon
Won-hyung, a brother of queen Munjeong. The political struggles
between two factions supporting Yoon Im or Yoon Won-hyung
eventually led to the political purge of 1545, resulting in persecu-
tion of the former faction.

2.2. Data

In this paper, we use two sources of historical literature to con-
struct a multi-layered of historical figures for the four political
purges, and to label historical figures to corresponding factions.
For network construction, the genealogy, Munhwa Ryu-ssi
Gajungbo, is used to extract list of historical figures in correspond-
ing purges and to calculate the degree of closeness between people
based on family relations. The use of genealogy is based on the idea
that if one’s father and grandfather belonged to a particular faction,
it is highly likely for the person to belong to the same group (Lee
et al., 2018). For label of factions, the Annals of Joseon Dynasty,
which records events throughout 472 years of Joseon Dynasty,
was used. Fig. 1 shows scanned image and screenshot image of
each literature. The description of each data source is described
as follows:

Munhwa Ryu-ssi Gajungbo (MRG) (Park & Lee, 2008): MRG is a
genealogy record published in 1565 containing names and family
relations of 49,635 people throughout 19 generations. As in Lee
(2013), the family relations are digitized based on the Henry num-
bering system (Henry, 1935). MRG also includes, birth year, death
year, year of taking position at national bureau, and number of
years in incumbency.

The Annals of Joseon Dynasty (AJD,http://sillok.history.go.kr):
Registered as a UNESCO World Heritage in 1997, AJD is a historical
volume that describes historical facts over 25 reigns, with total of
472 years, from king Taejo (1392) to king Chuljong (1863).
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(a) Scanned image of MRG
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(b) Screenshot of an article in AJD

Fig. 1. Screenshots of MRG and AJD.

3. Proposed method
3.1. Representation of a multi-layered network of historical figures

In general, a network of historical figures, G(V,E) consists of
nodes (V) and edges (E), where nodes represent historical figures
of a contemporary period with V = {x;,x,,---,xy} for N people,
and edges represent similarities between the people. The similari-
ties are defined by the weight matrix, W, where elements, Wy, rep-
resent the closeness between person x; and x;. To exploit historical
events in chronological order, the total dataset can be represented
by a multi-layered network where each layer is a network of con-
temporary historical figures and the layers are ordered chronolog-
ically with respect to important historical events.

Suppose there are K number of layers composed in multi-
layered structure. We denote that network with G(V,E,S), where
in addition to nodes and edges S is the set of K layers,
S=1{5,S3,---,S¢}. With respect to the K distinct layers, n, is the
size of each layer with N = n; + ny + - - - + ng in total. The resulting
weight matrix W is a N x N block tri-diagonal matrix, where the
diagonal blocks represent individual intralayer edges, and banded
diagonal blocks represent interlayer edges between adjacent lay-
ers. In historical perspective, intralayer edges represent relations
between contemporary people and interlayer edges represent rela-
tions between people from two different, but adjacent, historical

events. The weight matrix contains K> — 3K + 2 zero blocks result-
ing in a sparse structure. Fig. 2 represents an exemplary multi-
layered network of historical figures and structure of its corre-
sponding weight matrix.

3.2. Network construction

The intuition behind constructing a multi-layered network is
that knowing the factions in previous generation or era may aid
in prediction process of later events, and vice versa. There are
two steps in constructing a network of historical figures: extracting
list of people in corresponding events and calculating similarity
between them.

For the first step, the year of each purge is set as an orient and
list of people of contemporary is selected based on a time-window
of the orient. For the time-window, personal information in

genealogy is used. To include contemporary people in the network,
they must satisfy one of the following conditions:

(YP-ALE) < Year of Birth < (YP-ATP) (1)
(YP-INC) < Year of Taking Position < (YP-1) (2)

where YP is the year of purge, ALE is the average life expectancy,
ATP is the mean age of taking position, and INC is the mean incum-
bency. Here, condition (1) states that the person must be alive and
condition (2) points out that the person must be in an official posi-
tion at the year of purge. Since there are many missing values in the
genealogy, condition (1) or (2) must be satisfied for a person to be
included in the network.

To calculate similarities between people, the degree of kinship,
ki, derived from genealogy is used. It is defined as the level of the
relationship between two persons related by blood, calculated as
one degree for each step from a common ancestor. For instance,
first-degree of kinship denote parent-offspring relations, siblings
as second-degree of kinship, uncle or aunt as third-degree of kin-
ship, and so on. A smaller value of k; implies closer blood relations
between person x; and x;, and thus its value can be viewed as a
measure of distance between two people.

Using the degree of kinship, the weight matrix is given by:

Lk__ . 5,'}' if kij <9
1+e'V

Wy = 3)
0 otherwise

where k; is the degree of kinship between person x; and x;, and J; is
a binary indicator with value 1 if person x; and x; belong in same or
adjacent event (layer), or otherwise 0. The edge has higher values
for close relatives and lower values for far relatives and we ignore
relations with k; > 9.

3.3. Identification of Historical Factions

Before identifying historical factions, it is necessary to define
labels which represent specific faction groups for people. In this
paper, we make use of the fact that Joseon Dynasty was society
ruled by a bipartisan system with the King as the decision maker.
For historical purges of Joseon Dynasty, the factions can be repre-
sented by victims and assailants. The victims (labeled with ‘-1’)
are defined as historical figures who had been sentenced of death,
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Fig. 2. (a) An exemplary multi-layered network of historical figures and the layers are ordered in chronological order. (b) The corresponding structure of the weight matrix of
exemplary network in (a). The block tri-diagonal matrix induces a sparse structure that can take benefit of computational advantage.

punished with exile, or dismissal from office during the purges. On
the other hand, the assailants (labeled with ‘+1’) are defined as
those who incited and supported the persecution of victims. The
labels were obtained by searching over the AJD and were verified
through results in previous researches regarding Korean history.

Given a network of historical figures and associated labels, we
apply graph-based SSL for multi-layered networks (Kim et al.,
2019) to identify people with their associated factions. SSL utilize
both labeled and unlabeled data where it is known to be effective
for large amount of unlabeled data (KKim & Shinim & Shin, 2013).
In identifying historical factions, SSL is appropriate with large por-
tion of people are unknown for their factions. Furthermore, we take
the benefit of sparseness in the weight matrix arising from huge-
sized historical data using multi-layered SSL.

Suppose there are two factions of interest where n, people
belong to a specific faction and n, people with unknown faction.
In such setting, we can assign Y, € {—1,1} for n; people whereas
Y, = 0 for unlabeled ones. For graph-based SSL, known labels are
propagated to other through the edges. Mathematically, this trans-

lates to determining the output vector f = (f,,f,,--- ,fn)T by mini-
mizing the following objective function:

mfin(f ~V(F-Y) + uf'Lf (4)

where L is the graph Laplacian (Chung & Graham, 1997) defined as
D — W with D = diag(d;) and d; = >;w;. The first term in (4) is the
loss for consistency with actual labels for labeled nodes, and the
second term is the smoothness for consistency with geometry of
the data. The parameter u is for trade-off between the loss and
smoothness terms. The solution of (4) is given by

f=U+un'y (5)

where [ is the identity matrix.

To apply SSL for multi-layered networks, we first should
account for two different label propagations, interlayer and intra-
layer label propagation. To control for different propagations, it is
desirable to separate the total weight matrix W into intralayer
and interlayer relations:

W= W(intra) + W{inter}

Now, parallel to (4), the objective function for a multi-layered
network is defined as

min(f —¥)" (f =) +f (gl + L™ (6)

where L™ and L™ are the graph Laplacians of respective
weight matrices. The parameters p,(>0) and p,(>0) are
smoothness-loss trade-off parameters for intralayer and interlayer
relations, respectively. Similar to (5), the solution is obtained as a
closed form,

f _ (1+ IuaL{intra} + ,ubL{inter})’]Y (7)

When p, = 0, it reduces to (5).

Although solution (7) is sufficient to obtain the predictive out-
puts, the computation is difficult due to large volume of data
involved in matrix inversion. To overcome such problem, it is pos-
sible to make use the sparse structure of the weight matrix by
using the Woodbury formula (Woodbury, 1950):

A+UBU"Y ' =A"' —A'UB +UATU) UTAT

where A is a n x n invertible matrix, B is a m x m invertible matrix,
and U is a n x m rectangular matrix. Woodbury formula is known to
be effective for dealing with sparse matrices (Hager, 1989). To
rephrase the right-side term in (7) using the Woodbury formula,
let A=1+u,L"™ B be the identity matrix I. And let L™} be
decomposed to UUT where U is the incidence matrix for the Lapla-
cian scaled by w,. U is a n x p matrix where p is the number of
edges. By introducing the incident matrix, it becomes possible to
make use of the sparseness in the weight matrix. The solution (7)
can be rephrased as

f=ATY-ATUI+U'ATUUAY (8)
4. Results and discussion

4.1. Results of network construction

A multi-layered network was constructed based on four
political purges, Sayukshin Incident (1456), MuoSahwa (1498),
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GimyoSahwa (1519), and EulsaSahwa (1545), during 15th to 16th
century Korea. The network was composed of four layers arranged
in chronological order. 9,481 people were extracted from MRG
with 1,353, 2,240, 2,868, and 3,020 people belonging to layers of
Sayukshin Incident, MuoSahwa, GimyoSahwa, and EulsaSahwa,
respectively. After connecting the edges, the resulting network
density was 0.82%, which is a good indicator for using sparseness
in our proposed method. Fig. 3 shows the heatmap of the con-
structed network. On the heatmap, red diagonal blocks represent
intralayer relations and blue banded diagonal blocks represent
interlayer relations.

The labels were obtained by searching over the AJD. Total 590
people with 431 victims and 159 assailants were obtained with
22/42,37/111,49/151, and 51/127 assailants/victims for Sayukshin
Incident, MuoSahwa, GimyoSahwa, and EulsaSahwa, respectively.
The labels were validated via examining existing records on Korean
history with the aid of Korean historians (The Annals of Joseon
Dynasty, 2007; Encyclopedia of Korean Culture, 2012). As a total,
this corresponds to 6.22% of historical figures having known labels,
which bolsters the necessity of using SSL framework. Table 1 sum-
marizes the overall specifications of the constructed network.

4.1.1. Comparison with single networks

For each of the purges, p = 5%, 10%, 20%, 40%, 60%, 80%, 100%
of labels were assigned to three other layers. For instance, if we
were to measure performance on EulsaSahwa layer, labels on other
three layers (SayukShin Incident, MuoSahwa, and GimyoSahwa),
were varied according to the percentages. Then, to induce SSL set-
ting of n; > n,, reverse 5-fold cross validation (1-fold as training set
and others as test set) AUC (Swets, 2014) was calculated as a
performance measurement. The combinations of (y,, u,) were
determined in the range of {0.01,0.1,1,10,100} x {0.01,0.1,1,
10,100}. For comparison the performance of ordinary graph-
based SSL on single networks were also measured. Experiments
were repeated 100 times.

The overall AUC values for each of the purges are shown in
Fig. 4. On the figure, ML(-) denote multi-layered networks with
(-) percentage of labels on other layers. For single networks, the
AUC values are not too much distant from simple random guessing
(AUC = 0.5). On the other hand, the multi-layered network has an

Interlayer

, -~ Relations

i~
4

% Sayukshin ]
1,353 People

V 2,240 People

e 2,868 People
Intralay EulsaSahwa

Relation

3,020 People

Fig. 3. Heatmap of the constructed network of 9,481 people. Red diagonal blocks
represent intralayer relations and blue banded diagonal blocks represent interlayer
relations.

Table 1
Summary of the constructed network.

Specification Value

Historical Figures (Node) 9,481 people

Relations (Edge) 366,539 connections

Factions (Label) 590 (‘+1': 159/ ‘~1": 431) people
Network Density 0.82%

Proportion of Labels 6.22%

average of 50.20% increase in performance when p = 100% with
maximum increase of 64.09% in the case of GimyoSahwa.

Fig. 5 presents the individual AUC comparison when p = 100%.
Results of 30 experiments are presented for easier visualization. A
point in the scatter plot located above the diagonal line means that
the algorithm on the vertical axis performs better. Results on each
of the purges are marked with different shapes and colors. From
the figure, it can be seen that most of the dots are above the diag-
onal line, which corresponds to the multi-layered network outper-
forming single networks in all cases. Additionally, pairwise
comparison for each of the purges showed a statistically significant
difference (all the p-values were less than 0.0001) between single
and multi-layered networks.

Overall, the results show that the multi-layered network out-
performs single networks for all four of the purges. This bolsters
that analyzing factions through historical events in chronological
order is better than simply examining the single events separately.

To classify the remainder of unlabeled people, we assigned all of
590 labeled people with associated labels and applied the proposed
method. As a result, 2,593 people were classified as assailants with
465, 560, 703, and 865 people for Sayukshin Incident, MuoSahwa,
GimyoSahwa, and EulsaSahwa, respectively. For victims, 6,888
people were identified with 888, 1,680, 2,165, and 2,155 people
in respective layers. Fig. 6 shows a subset network with 100 people
in each of the events. Blue and red dots represent people classified
as assailants and victims, respectively. The ratio of the groups for
each purge is reflected in the figure. The names are shown in
Korean.

4.1.2. Comparison with other classification algorithms

The proposed method (p = 100%) was compared with other
classification algorithms: Artificial Neural Network (ANN) (Bishop
et al., 1995), two Support Vector Machines (SVM) with linear and
Gaussian kernels (Cristianini et al., 2000; Kotsiantis, Zaharakis, &
Pintelas, 2006; Scholkopf, Smola, & Bach, 2002; Shin & Cho,
2007), and K-Nearest Neighbor (KNN) (Cover & Hart, 1967;
Dudani, 1976). To extract the features, binarization of the Henry
numbering system in the genealogy was performed to transform
the tree into binary vectors (Lee et al., 2018). As a result, 134
dimensional binary vector were produced for 590 people with
known labels. The train/test split was set similar to that of multi-
layered networks with p = 100%. For each of the purges, all of
the data in other respective layers were assigned in the training
set and additional reverse 5-fold cross validation on the layer
where the performance was measured. For parameter setting, six
hidden layers were set in ANN with 100, 50,30, 10, 5, and 3 hidden
nodes in respective layers. For SVMs, penalizing parameters were
set to 10 and 1 for linear and Gaussian SVM, respectively, and
the kernel width for Gaussian was set to 25. These values were
obtained through cross-validation. For KNN, cosine distance was
used as the distance metric with K = 10. The experiments were
repeated 100 times and the performances were measured with
AUC and accuracy values.

Table 2 shows the comparison of average AUC and accuracy for
each of the purges. Examining the table, the proposed method
achieves the highest performance in all four cases. The difference



0.85
0.80
0.75
g 070
0.65
< 0.0
055
0.50
045
Single ML ML ML ML ML ML ML
Network  (5%)  (10%)  (20%) (40%) (60%) (80%) (100%)
Avg.| 05136 05465 05708 05905 06251 06579 0.6803  0.6980
Std.| 0.0744 00725 00714 00670 00606 00516 0.0449  0.0407
(a) Sayukshin Incident
0.85 y
0.80
075
g 070
0.65 T
< 060
0.55 —
0.50 -
0.45
Single ML ML ML ML ML ML ML
Network (5%)  (10%) (20%) (40%) (60%) (80%) (100%)
Avg. | 0.5395 0.5705 0.5990 0.6429 0.7125 0.7662 0.8071 0.8357
std.| 0.0478 00539 00520 00521 00452 00363 00295 00225
(b) MuoSahwa
0.85
0.80
0.75
g o7
0.65
< 0.0
055
050
045
Single ML ML ML ML ML ML ML
Network (5%)  (10%) (20%) (40%) (60%) (80%) (100%)
Avg.| 05118 05610 05986 0.6552 07315 07861 0.8268 0.8566
std.| 0.0436 00398 00395 00360 00306 00274 00234 0.0177
(c) GimyoSahwa
0.85
0.80
075
g 070
0.65
< 0.60
055
0.50
045
Single ML ML ML ML ML ML ML
Network  (5%)  (10%) (20%) (40%) (60%) (80%) (100%)
Avg. | 0.5220 0.5225 0.5409 0.5791 0.6319 0.6736 0.7068 0.7321
Std.| 00410 00438 00411 00402 00353 00320 00273  0.0246

(d) EulsaSahwa

Fig. 4. Overall AUC values for four purges, Sayukshin Incident, MuoSahwa,
GimyoSahwa, and EulsaSahwa.

may come from the fact that the proposed method takes family
relations, namely degree of kinship, into account, unlike other
comparing algorithms with simple binarization of Henry
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numbering system. Thus, the results can be translated that the pro-
posed method incorporates blood-relations from genealogy better
than other classification algorithms.

4.2. Enrichment study

As an enrichment study, we applied the proposed method to a
situation where p = 100% while erasing all the labels on the layer
of interest. In such setting, a single network cannot make any pre-
dictions. In contrast, the proposed method makes use of interlayer
connections between layers where labels can be propagated from
one layer to another, making predictions possible.

The resulting outputs, fs,fy,fc, and fg, for Sayukshin Incident,
MuoSahwa, GimyoSahwa, and EulsaSahwa, are presented in
Fig. 7. For each event, the outputs had been sorted in descending
order and stretched by a sigmoid function for the ease of visualiza-
tion and interpretation. The grey line represent unlabeled people
and the blue and red dots represents people who were originally
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Table 2
Comparison of average AUC values.

Classification Algorithms AUC Accuracy
Proposed Method (p = 100%) 0.6980 0.7536
ANN 0.5451 0.6521
Linear SVM 0.5901 0.6954
Gaussian SVM 0.6281 0.7010
KNN (K = 10) 0.6397 0.7276

(a) Sayukshin Incident

Classification Algorithms AUC Accuracy
Proposed Method (p = 100%) 0.8357 0.8264
ANN 0.5467 0.7211
Linear SVM 0.6013 0.7564
Gaussian SVM 0.6494 0.7614
KNN (K = 10) 0.5623 0.7194

(b) MuoSahwa

Classification Algorithms AUC Accuracy
Proposed Method (p = 100%) 0.8566 0.8400
ANN 0.5491 0.7237
Linear SVM 0.6836 0.7856
Gaussian SVM 0.7818 0.8202
KNN (K = 10) 0.5716 0.7575

(c) GimyoSahwa

Classification Algorithms AUC Accuracy
Proposed Method (p = 100%) 0.7321 0.7590
ANN 0.5421 0.6948
Linear SVM 0.6120 0.7162
Gaussian SVM 0.6362 0.7293
KNN (K = 10) 0.5386 0.7129

(d) EulsaSahwa

labeled as assailants ("+1’) and victims (’-1’), respectively. The black
line represents the threshold for splitting the groups into two
where it is given by the ratio of classes for labeled data. The thresh-
olds were used to compute the confusion matrix. The figure shows
that most of the blue and red dots are placed on right and left of the
threshold, respectively, giving fairly high accuracy for the four
purges.

In regards to the utility of the enrichment study, the results can
serve as a quantitative baseline for historians. The output values
can represent relative likelihood (Nam, Kim, Lee, & Shin, 2016) of
belonging to a particular faction: higher of its value implies higher
likelihood of belonging to the class of assailants (‘+1’) and lower its
value implies higher likelihood for the opposing group, victims
(‘~1). Given the tremendous volume of historical literature, if
one was to search historical figures for a particular faction, it would
be highly efficient to reduce the search space by observing those
with very high or low output values through our proposed method.

As an example of Sayukshin Incident, in the top-50 of f;, Kang
Hee-meng was found to assist king Sejo’s usurpation and served
in important positions during his reign (Kwon, 1996). Also, Lee
Jeung, a member of the royal family, supported king Sejo’s coup
to overthrow his step-brother, king Danjong (Lee, 1996a). Likewise,
in the bottom-50, Nam Hyo-on was recorded to be one of the min-
ister who was not persecuted but retired from the official position
to keep his incision on king Sejo’s wrongdoing (Lee, 1996Db).
Although these people were not recorded to be assailants in the
Sayukshin Incident, such finding suggest their high associations
to each of the groups.

The results of the proposed method allow us to observe the shift
in political propensity of historical figures with respect to the influ-
ence from ancestors and how it is conveyed to off-springs or fol-
lowers in later generations. In such manner, it provides a
systematic understanding of the structure of past faction politics
over long periods of time. This can essentially aid domain histori-
ans to grasp the holistic understanding of historical landscape.
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Fig. 7. Predictive values sorted in descending order for each of the purges after
erasing all the labels on the layer of interest.
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5. Conclusion

In this paper, we employ multi-layered network of historical
figures by conveying important historical events in chronological
order. To identify the factions, a semi-supervised learning algo-
rithm for multi-layered networks was developed. The proposed
method was applied to four purges, Sayukshin Incident (1456),
MuoSahwa (1498), GimyoSahwa (1519), and EulsaSahwa (1545),
in Joseon Dynasty, where a multi-layered network was constructed
based on personal information and degree of kinship found in
genealogy. The results showed 50.20% increase in performance
compared to single networks. Furthermore, the proposed method
outperformed other representative machine learning algorithms,
conveying that the former incorporates information in genealogy
better than the latter.

Contribution of this research lies in that the proposed method
carries the notion that factions in certain era may had been
affected by the past events. By taking consideration of interlayer
connections beyond intralayer connections, the proposed method
analyzes various historical events in a comprehensive manner,
where it accounts relations of people not only at the time of a cer-
tain event but also between two successive events in history. In
such setting, label information in one layer is propagated to others,
thereby providing better performances. Macroscopically, this study
is considered as a novel work of historical study. Currently,
machine learning has enlarged its application area stretching from
literature, art, and digital humanities and yet there are much to be
explored in the domain of history. The proposed method provides
new schemes of analyzing historical methods far from the conven-
tional applications of machine learning, thereby attracting
historians.

For our future work, we plan to explore various problem set-
tings where the proposed method can be applied. The proposed
algorithm can easily be expanded to other settings. For instance,
networks may be constructed based on regional relations in resi-
dency information or political relations based on opinions from
various historical literature. Such extensions are not necessarily
confined to Korean history and can also be planted to any era in
any countries. Furthermore, the proposed method can be utilized
to current politics, in which political propensities on numerous
agenda can be identified. We expect the proposed method to
extend human-labored restricted inference to machine-aided com-
prehensive approach and serve as a sophisticated tool to under-
stand overall structure of politics, society, and the economy.
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